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Abstract

It is a well-documented social dilemma that as the size of a group increases, individual
members of the group are incentivized to contribute less effort towards group tasks. This
phenomenon has many names, including social loafing, group motivation loss, and the free-
riding effect. This presents a problem across collaborative crowd sourcing, fundraising drives,
and group tasks in general. Various mechanisms have been shown to be successful in induc-
ing cooperation, such as group rewards for crossing total contribution thresholds or pitting
groups against each other in competitive settings, and offering a reward to the winner. It
has been suggested that each of these mechanisms works by appealing to self-interested in-
centives, making increased effort and contribution the strategy which maximizes individual
payout. However, recent work has implied that there are psychological mechanisms which
push humans to cooperate even when it is not of tangible self-interest, and that these mech-
anisms are particularly strong in settings which are competitive at the intergroup level.

In this thesis, we show that the free-riding effect still exists in the equilibrium of cooper-
ative games which are competitive at the intergroup level through the use of game theoretic
analysis. However, we go on to show through the use of an online lab experiment of our own
design that when humans play the same game, their behavior does not exhibit a significant
free-riding effect. For comparison, we use a non-competitive threshold game, and show that
in this setting, the free-riding effect still persists and we see lowered levels of contribution
as team size grows, although this effect dissolves for teams of size 6 and larger. Our results
suggest that there are psychological mechanisms in humans which specifically counteract the
free-riding effect. Furthermore, our results suggests that these mechanisms exist specifically
in scenarios which are competitive at the intergroup level.
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Chapter 1

Introduction

1.1 Introduction

Finding ways in which to increase individual productivity has been a topic of interest for

centuries. However, as professional firms and research projects have increasingly utilized the

power of crowdsourcing on a grand scale, the ability to incentivize worker productivity in

single tasks has become particularly relevant. While many studies have researched produc-

tivity at the individual level, tasks are rarely completed alone. Thus, recent research has

focused on answering the questions surrounding cooperative productivity.[6, 10]

Inducing cooperative productivity is incredibly important for not only computer science,

but innovation in general. Major professional and research projects are completed in teams,

from technology to finance to media. Firms have turned towards team crowdsourcing so-

lutions, with some even offering grand rewards for improved proprietary algorithm design.

This also goes beyond the professional and research world, as improved mechanisms for in-

centivizing cooperative contribution could have implications for increased crowd funding and

charitable donations.

Unfortunately, it has been found and confirmed that increasing the group size in a co-
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operative task has diminishing returns to total group productivity with each added team

member.[3, 11] This is due to two effects: coordination loss and free-riding. The former

arises from the difficulty of larger teams to coordinate the efforts of individual group mem-

bers, and thus overall team productivity ends up being less than the sum of its members’

individual contributions. For example, imagine a group pushing a car up a hill. Unless they

can all push in perfect unison, some of the efforts of individual members will be wasted, and

this becomes more and more problematic as the group size increases. On the other hand,

free-riding (also known as motivation loss and social loafing) is the issue of decreased effort

by individual team members in larger groups. This is because as group size increases, team

members maximize individual utility by being less cooperative, as it becomes more likely

that the task will be completed without the contribution of an individual team member.

Coordination loss is incredibly domain specific, and several solutions have been found,

including designing better communication methods between team members and assigning

centralized team leadership.[5] However, the issue of free-riding seems to be generalized

across cooperation tasks. This is a major issue, as we need to be able to assemble teams of

whatever size is necessary to accomplish a task. This can become incredibly costly if we are

seeing diminishing returns from each additional team member. In light of this, it would be

incredibly worthwhile to design environments in which individual agents are incentivized to

cooperate with one another, and not decrease individual productivity.

One possible answer to this issue is intergroup competition. This might be the solution

to social dilemmas, as it places a reward on cooperating (whether that reward be tangible

or symbolic). Multiple studies have suggested that intergroup competition may induce co-

operation and counteract the free-riding effect through its effects on the Nash Equilibrium

of decision scenarios.[1, 2, 4] It has also been suggested that offering a reward for crossing a

team threshold may be just as effective in inducing cooperation by affecting the Nash Equi-

librium in a similar way.[4] However, psychological studies have shown that the emotional
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reactions which compel us to cooperate with one another are strengthened in competitive

scenarios, possibly leading agents to contribute more than what would maximize individual

wellbeing.[7, 9] Thus, unlike the threshold setting, intergroup competitive settings may have

effects on individual contribution which go beyond affecting the equilibrium. However, none

of these studies have fully analyzed the Nash Equilibrium of the games they discuss, and thus

are unable to separate the game theoretic effects from the possibly powerful psychological

effects involved.

1.2 Contribution

The advantage of approaching a problem in psychology from a computational standpoint

is the ability to develop mathematical models to analyze theoretical rational behavior in a

specific decision scenario, and then expose any additional psychological effects which appear

when humans are faced with the same decision scenario. In this work, we fully model and

analyze the Nash Equilibrium of a team game with intergroup competition, along with the

conditions which are necessary for an equilibrium to arise. We show that the free-riding effect

still persists in the game’s Nash Equilibrium by proving that the theoretical equilibrium

contribution for agents decreases as the size of both teams increases, regardless of the size of

the reward for winning. This result shows that intergroup competition is unable to combat

the free-riding effect through changing the game’s equilibrium alone. However, we also show

that when the same game is played by humans, the free-riding effect disappears, and that

humans contribute far above the Nash Equilibrium on average. This implies that competitive

intergroup scenarios have psychological effects which inherently increase cooperation amongst

humans in teams, even when reducing contribution would be a useful deviation.

For comparison, we also analyze and conduct the equivalent experiment for a cooperation

game with a non-competitive threshold, and show that the free-riding effect still exists in
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this setting, both in the theoretical equilibrium and when played by humans. This implies

that the psychological effects which counteract the free-riding effect and raise individual

contribution above equilibrium levels are specifically induced by intergroup competition. We

discuss the implications of these findings, and suggest a revised utility model. Altogether,

these findings have implications across various fields, including computer science, psychology,

game theory, behavioral economics, sociology, and evolutionary theory.

1.3 Methodology and Structure

To find these results, we used game theoretic principles to design and analyze an intergroup

competition game, as well as design a purely cooperative game with a non-competitive

threshold for comparison. We then designed and carried out an experiment in which human

participants played the games we designed. We compared the empirical results to the theo-

retical result to confirm the presence of psychological factors which directly counteract the

free-riding effect, present in an environment of intergroup competition.

In the remainder of this chapter, we will discuss some of the work that is related to this

problem. In Chapter 2, we will introduce the theoretical model and give necessary definitions,

as well as analyze and prove the game’s Nash Equilibrium. In Chapter 3, we introduce and

describe our empirical experiment, as well as present the results of this experiment. In

Chapter 4, we will compare the original theoretical result to our empirical results, and

discuss the implications of these disparities. We will also suggest a possible framework

which accounts for these psychological effects and present what the Nash Equilibrium would

be under this model. Lastly, we will give our concluding thoughts.

6



1.4 Related Work

The basis for the free-riding effect rests on Ringelmann (1913), who found that when a group

attempted to pull a rope as a unit, they did so with less force than the sum of the forces

generated by each team member pulling the rope individually. This was deduced to the

two effects of “coordination loss” and “motivation loss” (free-riding). The loss of individual

effort when completing a task as a group was henceforth known as the “Ringelmann Effect.”

The free-riding effect was isolated by Ingham et al. (1974), who showed that individual

contribution decreases as team size increases even when the possibility of coordination loss

is removed. However, this downward movement seemed to halt at team sizes of 4 to 5.

Research regarding competition as a possible solution to the free-riding problem was

conducted by Bornstein et al. (1990). They suggested that turning a purely cooperative

public goods game into a competitive game between teams could combat the free-riding

effect by changing the game’s equilibrium due to the reward for winning, and showed this

result to hold in a lab experiment. Erev et al. (1993) replicated this result in a field

experiment, in which different types of reward structures (competitive vs. cooperative) were

used to motivate participants to pick more oranges in teams.

In more recent years, research on group cooperation and its effects on individual pro-

ductivity has been approached from a more psychological perspective. This is of particular

interest to evolutionary psychologists, as humans appear to sacrifice personal wellbeing for

the good of the group in a way that is different from other species. The various evolution-

ary mechanisms involved were reviewed by Melis and Semmann (2010), and experimental

evidence was provided for each of these mechanisms by Rand and Nowak (2013). These

mechanisms all rely on social structures with multiple interactions, and do not necessarily

explain cooperation in one-shot games. However, Rand and Nowak (2013) did also find

that reciprocation is driven by an immediate emotional response, and Levine et al. (2018)
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furthered this result by showing that our fast-reacting emotional responses act in general to

drive us towards cooperation, even when it is not in our pure self-interest. This has good

implications for competitive cooperative settings, as Puurtinen and Mappes (2009) had pre-

viously found that competitive scenarios lead to a heightening of social emotions such as

guilt and anger, even in one-shot games.

Jordan, Jordan, and Rand (2016) moved these psychological questions back towards

the game theoretic perspective. They aimed to address if cooperation in scenarios with

intergroup competition is driven specifically by competition itself, or is simply due to the

reward threshold set by the contribution of the opposing team. They showed that a similar

level of cooperation can be induced by setting a threshold, and offering a reward if the team

achieves a higher total contribution than the threshold level. Their results suggest that a

non-competitive threshold is also effective in inducing cooperation by changing the Nash

Equilibrium with a reward, as is done by intergroup competition.
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Chapter 2

Theoretical Analysis of Competitive

and Non-Competitive Models

In this chapter, we introduce the theoretical model which will be the basis for our analysis

of human behavior in cooperative scenarios. This will consist of two settings. Primarily,

we have a competitive game in which two teams of equal size compete for a reward. For

comparison, we will have a non-competitive game in which a single team cooperates to cross

a set threshold. In both games, players will be modeled as individual agents looking to

maximize personal utility. We will first discuss the two games and what is required to reach

an equilibrium. Second, we will provide and prove an equilibrium for each game. Lastly, we

will discuss some of the conclusions that can be drawn from our theoretical model.

2.1 The Competitive Model

The competitive game is the primary model we will be discussing. It consists of two teams

of equivalent size competing to win a team reward, from which each player on the winning

team benefits equally. We will break down the model into two levels: the intergroup level as
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a competitive auction, and the intra-group level as a non-deterministic public goods game.

2.1.1 Intergroup

The game consists of 2 teams, each with n players. At the intergroup level, the game is

modeled as a modified all-pay auction. In a standard all-pay auction, each participant pays

some amount of their own strategic choosing without knowledge of the payments of other

participants, which is collected by the auctioneer and never returned. The agent who pays

the most receives the prize item of the auction. It is standard to model competitions as

modified all-pay auctions, because agents commit effort towards winning, and the winner of

the competition prize is largely determined by the amount of effort committed.

In our modified game, the team which gives the most contribution will not necessarily win

with absolute certainty. Here, the team with the highest contribution wins with probability

π(d), and the opposing team wins with probability 1 − π(d), where π is a continuous tie-

breaking function we will define, and d is the difference in contribution between the two

teams. The functioned is designed so that π(d) ≤ π(d′) for any d < d′, and that π(0) = 0.5.

This continuous tie-breaking function models real-life competition scenarios in which a team

which gives slightly less effort than their opponent might still win. This is also incredibly

necessary for establishing an equilibrium, which we will show later in this chapter. At the

end of the game, each player on the winning team receives a reward r, and all players on the

losing team receive nothing.

2.1.2 Intragroup

At the intragroup level, the game is modeled as a public goods game. Each player receives

an endowment and may contribute as much as they wish, up to their total endowment.

Anything a player contributes is lost, and any amount not contributed the player gets to
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keep, regardless of the outcome of the game. For this game, we will have two endowment

types: small-endowment players (type 1) and large-endowment players (type 2). Large-

endowment players will have receive an endowment twice the size of the endowment received

by small-endowment players. This is akin to real-life competition scenarios in which some

players have the ability to contribute more than others, either due to skill, wealth, or other

factors. Each player will receive one of the two endowment types with equal probability,

with each player’s endowment chosen independently of any other player in the game.

To find total team contribution, let cj,i be the contribution of player i on team j, and let

Cj be the total contribution of team j. We thus trivially have

Cj =
n∑

i=1

cj,i

This is the value which will be used to determine the winner at the intergroup level.

2.1.3 Agent Assumptions

The size of teams n and the continuous tie-breaking function π(d) are known to all players.

Players are all aware of their own endowment type, and the fact that all endowment types

are chosen independently with equal probability. However, players are not aware of the

endowment types of any other player, and have no knowledge or control over the contribution

of anyone other than their own.

We make the assumption that all agents will maximize expected utility. Let P (WIN|c)

be the probability of a particular agent’s team winning in equilibrium given that the agent

contributes c. We look for equilibrium strategies s1 and s2 for type 1 and type 2 agents

respectively such that for any player with endowment type g, we find that c = sg maximizes

the following expression:

P (WIN|c) ∗ r + g ∗ k − c
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We can notice that this is equivalent to maximizing P (WIN|c) ∗ r− c because a player’s own

endowment is a constant, and therefore the absolute size of the player endowments will not

effect the Nash Equilibrium. Thus, for simplification we will assume that small-endowment

players receive an endowment of 1, and large-endowment players an endowment of 2.

2.2 The Non-Competitive Model

The non-competitive model is incredibly straight forward. There will be a single team with n

players. Like the competitive model, each player will receive endowment type 1 or endowment

type 2, independently and with equal probability. The type 2 endowment will be twice the

size of type 1. As before, each player can contribute any amount of their endowment. Any

amount they contribute is gone, and any amount they don’t contribute they get to keep.

Unlike the competitive game, there will be a threshold, B. If the contributions of each player

on the team sums to greater than B, each player on the team will receive reward r, and

otherwise will receive nothing (other than what they keep from their original endowment).

As with the competitive model, we assume that players are aware of their own endowment,

the number of players, and the fact that every player can have either endowment with equal

probability independent of any other player. They will have no knowledge or control over

the endowments or contributions of any other player.

2.3 Continuous Tie-Breaking Function

An important aspect for the outcome of the competitive game is the continuous tie-breaking

function, π(d), as we will not be able to reach an equilibrium without it. In this section, we

will show why this function is necessary, and define what this function will look like.
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2.3.1 Basis for Tie-Breaking Function

We will begin by defining what a continuous tie-breaking function is.

Definition 1: A continuous tie-breaking function is a function which is continuous for some

interval of non-zero length, that takes the difference in contribution between two teams as

an input and outputs a value p ∈ [0.5, 1], which is the probability of the higher-contribution

team winning.

Note that this definition can only make sense if we have π(0) = 0.5, which we will en-

force to be the case. We want this continuous tie-breaking function to lead to an equilibrium

in cases other than those in which the dominant strategy is simply to play one’s entire

endowment (a full-contribution equilibrium). Furthermore, we are looking to find a Nash

Equilibrium in which players contribute a set amount, given their endowment type. Thus,

we want this function to result in a stable equilibrium when the equilibrium strategies are

discrete distributions over possible player contribution.

Theorem 1: A generalized Nash Equilibrium with discrete equilibrium strategies will not

arise without a continuous tie-breaking function.

Proof : Assume for contradiction that an equilibrium can arise in a discrete setting in

the absence of a continuous tie-breaking function (we assume that in the case of an exact

tie, we will randomly choose the winner). Say all players play equilibrium strategy s1 or

s2, for endowment types 1 and 2 respectively, which are discrete distributions over possible

individual contribution. Without loss of generality, we consider player 1 on team 1. Assum-

ing all players play their equilibrium strategy we can check useful deviations by this player.

13



Player 1 with endowment g has expected utility

E[u1,1|c1,1 ∼ sg] = P (W1|c1,1 ∼ sg) ∗ r + 0.5 ∗ P (T |c1,1 ∼ sg) ∗ r + g − E[sg]

Where P (W1) is the probability of team 1 winning, and P (T ) is the probability of an exact

tie (which must be nonzero, because the equilibrium strategies are discrete). In the absence

of a continuous tie-breaking function, player 1 has a useful deviation to contribute sg + ε,

for some infinitesimally small ε > 0. Team 1 then wins all would-be ties with certainty. This

results in expected utility

E[u1,1|c1,1 ∼ sg + ε] = P (W1|c1,1 ∼ sg) ∗ r + P (T |c1,1 ∼ sg) ∗ r + g − E[sg]− ε

Thus we have

E[u1,1|c1,1 ∼ sg + ε] = E[u1,1|c1,1 ∼ sg] + 0.5 ∗ P (T |c1,1 ∼ sg) ∗ r − ε

Thus, this is a useful deviation for any ε such that 0 < ε < 0.5 ∗ P (T |c1,1 ∼ sg) ∗ r. A

contradiction.

Therefore it is important that we have a continuous tie-breaking function to smooth out

the increase in expected utility a player receives from just slightly increasing their contri-

bution in order to win any would-be ties with certainty. It is also important that we have

the right class of function. In particular, non-full-contribution equilibria will only arise with

linear tie-breaking functions.

Theorem 2: In setting with discrete distributions over individual agent contribution, non-

full-contribution equilibria will only arise with continuous Tie-Breaking functions which are
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quasi-linear in the difference in contribution between teams.

Proof : Assume that there exists some Tie-Breaking function π(d) which leads to a non-full-

contribution equilibrium with discrete equilibrium strategies. Say all players play equilibrium

strategy s1 or s2, for endowment types 1 and 2 respectively, which are discrete distributions

over possible contribution. Without loss of generality, we consider player 1 on team 1. As-

suming all players play their equilibrium strategy, we can check for useful deviations by this

player. As before, when playing the equilibrium strategy, player 1 with endowment type g

has expected utility

E[u1,1|c1,1 ∼ sg] = P (W1|c1,1 ∼ sg) ∗ r + 0.5 ∗ P (T |c1,1 ∼ sg) ∗ r + g − E[sg]

Where P (W1) is the probability of team 1 winning outright, and P (T ) is the probability

of an exact tie (which must be nonzero, because the equilibrium strategies are discrete). If

player 1 deviates to contribute sg + ε, for some infinitesimally small ε > 0, team 1 then wins

all would-be ties with probability π(ε). This results in expected utility

E[u1,1|c1,1 ∼ sg + ε] = P (W1|c1,1 ∼ sg) ∗ r + π(ε) ∗ P (T |c1,1 ∼ sg) ∗ r + g − E[sg]− ε

Thus we have

E[u1,1|c1,1 ∼ sg + ε] = E[u1,1|c1,1 ∼ sg] + (π(ε)− 0.5) ∗ P (T |c1,1 ∼ sg) ∗ r − ε

For this to not be a useful deviation, we must have

(π(ε)− 0.5) ∗ P (T |c1,1 ∼ sg) ∗ r ≤ ε
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π(ε) ≤ ε

P (T |c1,1 ∼ sg) ∗ r
+ 0.5

Similarly, a downward deviation to contribute sg − ε would result in expected utility

E[u1,1|c1,1 ∼ sg − ε] = P (W1|c1,1 ∼ sg) ∗ r + (1− π(ε)) ∗ P (T |c1,1 ∼ sg) ∗ r + g − E[sg] + ε

Giving us

E[u1,1|c1,1 ∼ sg − ε] = E[u1,1|c1,1 ∼ sg]− (π(ε)− 0.5) ∗ P (T |c1,1 ∼ sg) ∗ r + ε

For this not to be a useful deviation, we must have:

(π(ε)− 0.5) ∗ P (T |c1,1 ∼ sg) ∗ r ≥ ε

π(ε) ≥ ε

P (T |c1,1 ∼ sg) ∗ r
+ 0.5

For both results to hold, we must have

π(ε) =
ε

P (T |c1,1 ∼ sg) ∗ r
+ 0.5

Thus, any π(ε) must be linear in ε for small ε.

2.3.2 Domain of Linearity

The tie-breaking function is only quasi-linear because at it’s most expansive, we can only

have a range π(d) ∈ [0.5, 1]. This is because its output is a probability, and because we

assume that the team which contributes the most must be at least as likely to win as the

opposing team. In finding the interval for which the function is linear in the input d, we can

first notice that the most utility an agent can gain specifically from small deviations upwards
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from exact ties is

1

2
∗ P (T ) ∗ r

where P (T ) is the probability of an exact tie. Thus, we only need to have our tie-breaking

function be linear in d for this interval. For d > 1
2
∗ P (T ) ∗ r we have π(d) = 1.

2.3.3 Continuous Tie-Breaking Function for Stable Equilibrium

For our linear tie-breaking function to hold a stable equilibrium, we need both upward

and downward deviations within the relevant interval to be canceled out by an equivalent

opposite movement in expected utility. Thus, the following tie-breaking function will hold

an equilibrium:

π(d) =


1
2

+ d
P (T )∗r d < 1

2
∗ P (T ) ∗ r

1 o.w.

where P (T ) is the probability of an exact tie. To see that this continuous tie-breaking

function will hold an equilibrium, consider single-amount strategies s1 and s2 for endowment

types 1 and 2, respectively. Once again, consider player 1 on team 1 who is of endowment

type g and is considering an upward deviation of some small ε > 0. Let us define P (W |c)

as the probability of winning outright in equilibrium (not including tie breaking) when one

plays contribution strategy c. We have

E[u1,1|c1,1 = sg] = P (W |sg) ∗ r +
1

2
∗ P (T ) ∗ r + g − sg

E[u1,1|c1,1 = sg + ε] = P (W |sg) ∗ r + π(ε) ∗ P (T ) ∗ r + g − sg − ε

Substituting in, we get

E[u1,1|c1,1 = sg + ε] = P (W |sg) ∗ r +

(
1

2
+

ε

P (T ) ∗ r

)
∗ P (T ) ∗ r − ε− sg + g
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E[u1,1|c1,1 = sg + ε] =
1

2
∗ P (T ) ∗ r + g − sg + ε− ε

E[u1,1|c1,1 = sg + ε] = E[u1,1|c1,1 = sg]

And thus this is not a useful deviation. Additionally, because π(d) is only linear in d until

π(d) = 1, we can generalize this to say

1

2
∗ P (T ) ∗ r ≥ π(ε) ∗ P (T ) ∗ r − ε

for all ε > 0. This fact will become important when we prove our equilibrium.

In considering small downward deviations, we get a similar result:

E[u1,1|c1,1 = sg − ε] = P (W |sg) ∗ r + (1− π(ε)) ∗ P (T ) ∗ r + g − sg + ε

E[u1,1|c1,1 = sg − ε] = P (W |sg) ∗ r +

(
1− 1

2
− ε

P (T ) ∗ r

)
∗ P (T ) ∗ r + ε− sg + g

E[u1,1|c1,1 = sg − ε] = P (W |sg) ∗ r +
1

2
∗ P (T ) ∗ r + g − sg + ε− ε

E[u1,1|c1,1 = sg − ε] = E[u1,1|c1,1 = sg]

And once again, this is not a useful deviation.

Probability of an Exact Tie in Equilibrium

So what is P (T )? If we are simply looking for a single Nash Equilibrium strategy for each

endowment type, s1 and s2, and we assume that agents play their equilibrium strategies,

then P (T ) is simply the probability that there are the same number of type 1 and type 2

players on each team. Because of this, P (T |c = s1) = P (T |c = s2) = P (T ) due to symmetry.
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Thus we have:

P (T ) =
n∑

k=0

[(
1

2

)k (
1

2

)n−k (
n

k

)]2

P (T ) =
n∑

k=0

1

22n

(
n

k

)2

P (T ) =
1

22n

(
2n

n

)
Thus, the hard equation for our continuous tie-breaking function is given as

π(d) =


1
2

+ 22n∗d
(2n

n )∗r
d < 1

22n+1

(
2n
n

)
∗ r

1 o.w.

19



2.4 Generalized Equilibrium Result

In this section, we present the equilibrium result for a general number of players on each

team. We will first present the equilibrium equation in abstract theoretical terms so that it

may be understood intuitively, and prove the equilibrium result in this form. Lastly, we will

provide the hard mathematical equations that are equivalent to the abstract equations we

presented.

2.4.1 Theoretical Explanation

At equilibrium, a player of type g will give contribution c = sg, where sg is the equilibrium

strategy for that endowment type. When reward r is small enough to make the equilibrium

interesting (a non-full-contribution equilibrium), the equilibrium strategy is

sg = (P (W |sg) +
1

2
P (T )− P (W |s1)) ∗ r

Recall that P (W |c) is the probability of winning outright (i.e. not including tie-breaking)

in equilibrium when one gives contribution c. We can notice that P (W |s1) and P (W |s2) are

both constant, regardless of s1 and s2. They are also predetermined, regardless of s1 and s2,

assuming we have s1 < s2. We make this assumption in the general case, as type 1 agents

may not even be able to contribute s2, given high enough r. This assumption becomes a

self-fulfilling prophecy in equilibrium, as we therefore have P (W |s1) < P (W |s2), enforcing

that s1 < s2. Thus, if the equilibrium holds and we have all type 1 players playing s1 and

all type 2 players playing s2, then P (W |s1) is the probability of having more type 2 players

on your team given you are a type 1, and P (W |s2) is the probability of having more type 2

players on your team given you are a type 2.
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2.4.2 Hard Generalized Equation

Before presenting a concrete equation, we will first deduce the abstract equilibrium equation

to equivalent equations which are simpler to express mathematically. Let us consider what

P (W |sg) means from the point of view of an individual player. Without loss of generality,

let us consider player 1 on team 1, and imagine that this player is a type 1 player. P (W |s1)

is the probability that, in equilibrium, team 1 has more type 2 players in equilibrium than

team 2, given that player 1 is a type 1 player. This is equivalent to the probability that

there are more type 2 players amongst player 1’s teammates (not including player 1) than

there are on all of team 2.

Now let us imagine the scenario in which player 1 on team 1 is a type 2 player. P (W |s2)

is the probability that, in equilibrium, team 1 has more type 2 players in equilibrium than

team 2, given that player 1 is a type 2 player. This is equivalent to the sum of the probability

that there are more type 2 players amongst player 1’s teammates (not including player 1)

than there are on all of team 2, plus the probability that there are the same number of

type 2 players amongst player 1’s teammates (not including player 1) as there are on team

2. The first probability is what we found to be P (W |s1) in the previous paragraph. The

latter probability is equivalent to if player 1 had been a type 1, and both teams had the

same number of type 2 players. Therefore, this is equivalent to P (T ). Thus, we can rewrite

P (W |s2):

P (W |s2) = P (W |s1) + P (T )

Substituting this in for s2 we get:

s2 =

(
P (W |s2) +

1

2
∗ P (T )− P (W |s1)

)
∗ r

s2 =

(
P (W |s1) + P (T ) +

1

2
∗ P (T )− P (W |s1)

)
∗ r
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s2 =
3

2
∗ P (T ) ∗ r

And for s1, we trivially have:

s1 =

(
P (W |s1) +

1

2
∗ P (T )− P (W |s1)

)
∗ r

s1 =
1

2
∗ P (T ) ∗ r

Having rewritten these equations, we can plug in what we previously found for P (T ) to get

our generalized equilibrium equations:

s1 =
1

22n+1

(
2n

n

)
∗ r

s2 =
3

22n+1

(
2n

n

)
∗ r

2.4.3 Proof of Equilibrium

We now show that there are no useful deviations from this equilibrium.

Proof of Equilibrium: We first notice that any agent of type g’s expected utility in

any equilibrium is E[ug|c = sg] = P (W |sg) ∗ r + 1
2
P (T ) ∗ r− sg + g, assuming all agents are

playing the equilibrium strategies. Substituting in for sg, we get

E[ug|c = sg] = P (W |sg) ∗ r +
1

2
P (T ) ∗ r −

(
P (W |sg) +

1

2
P (T )− P (W |s1)

)
∗ r + g

E[ug|c = sg] = P (W |s1) ∗ r + g

Thus, we immediately see that this equilibrium maintains individual rationality. We can

also notice that even when r is low enough so that any player can play either endowment
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type’s strategy, there is no useful deviation to play the other type’s strategy, because both

gain the same expected utility on top of their initial endowments. We now look for other

possible deviation strategies s′ 6= s1, s2:

1. s′ = 0: In the previous section, we found concrete equations for s1 and s2, which

revealed that we have s2 = 3s1. Because of this, if a team wins outright (has more

type 2 players than the opposing team), then their total contribution must be at least

2s1 higher than that of the opposing team. Now consider a type 1 player, whose

equilibrium strategy is s1. The probability that her team wins outright in equilibrium

is P (W |s1). In any case in which her team wins, it does so by at least 2s1. Thus, this

player could reduce her contribution by s1, and her team would still win in each of

these scenarios. Therefore, we have P (W |s1) = P (W |0). This means we have:

E[ug|c = 0] = P (W |0) ∗ r + g = P (W |s1) ∗ r + g = E[ug|c = sg]

And therefore this is not a useful deviation.

2. 0 < s′ < s1: Say there is a player who is considering a deviation from type 1 equilibrium

strategy, s1. Because s1 = 1
2
P (T ) ∗ r = 1

22n

(
2n
n

)
∗ r, we have π(d) = 1

2
+ d

P (T )∗r for all d

such that 0 < d < s1. This means we have (1 − π(d))P (T ) ∗ r + d = 1
2
P (T ) ∗ r for d

in this range, as we found in our analysis of π(d). We also know from our analysis in

case 1 that P (W |s′) = P (W |s1) in this range. Thus we have:

E[ug|c = s′] = P (W |s′) ∗ r + (1− π(s1 − s′))P (T ) ∗ r + g − s′

E[ug|c = s′] = P (W |s1) ∗ r +
1

2
P (T ) ∗ r − (s1 − s′) + g − s′

E[ug|c = s′] = P (W |s1) ∗ r +
1

2
P (T ) ∗ r − g − s1
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E[ug|c = s′] = E[ug|c = s1] = E[ug|c = s2]

And therefore this is not a useful deviation.

3. s1 < s′ < s2: Consider an upward deviation from s1. We know from our analysis of

the continuous tie-breaking function that we have π(d) ∗ P (T ) ∗ r ≤ 1
2
P (T ) ∗ r + d

for positive d. We also know that there will not be any situations in which a player

would be able to win outright by player s′ that they would not have also won outright

by player s1, other than those in which they would have tied. Thus, we only need to

consider gains in utility from P (T ). We have:

E[ug|c = s′] = P (W |s1) ∗ r + π(s′ − s1) ∗ P (T ) ∗ r + g − s′

E[ug|c = s′] ≤ P (W |s1) ∗ r +
1

2
P (T ) ∗ r − (s′ − s1) + g − s′

E[ug|c = s′] ≤ P (W |s1) ∗ r +
1

2
P (T ) ∗ r − g − s1

E[ug|c = s′] ≤ E[ug|c = s1] = E[ug|c = s2]

And therefore this is not a useful deviation.

4. s′ > s2: In this case, we should immediately notice that because P (W |c) for an agent is

just the probability of that agent’s team having more type 2 agents contributing s2 than

the other team, any upward deviation s′ > s2 such that s′ < 2s2− 1
2
∗P (T )∗r won’t be

high enough to make up for the 2s1 difference between a type 1 player’s contribution

and a type 2 player’s contribution. Any upward deviation in this range will have

P (W |c = s′) = P (W |c = s2). And similar to before, we have π(d)P (T )− d ≤ 1
2
P (T ).

Thus for s′ in this range, we have

E[ug|c = s′] = P (W |s′) ∗ r + π(s′ − s2)P (T ) ∗ r + g − s′
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E[ug|c = s′] ≤ P (W |s2) ∗ r +
1

2
P (T ) ∗ r + s′ − s2 + g − s′

E[ug|c = s′] ≤ P (W |s2) ∗ r +
1

2
P (T ) ∗ r + g − s2

E[ug|c = s′] ≤ E[ug|c = s2] = E[ug|c = s1]

Thus, this is not a useful deviation. But what if s′ ≥ 2s2 − 1
2
∗ P (T ) ∗ r? Because it

has equivalent utility due to the tie-breaking function, we will analyze a deviation to

s′ = 2s2. We should first calculate P (W |s′). Let P (k+1) be the probability that given

the deviating player is type 2, the opposing team has exactly one more type 2 player

than the deviating player’s team (including the deviating player). We can thus notice

that P (W |s′) can be expressed as the sum of three values:

• P (W |s2), because the deviating player’s team wins in any situation they would

have had the player contributed s2.

• P (T ), because the deviating player’s team wins in any situation in which there

would have been an exact tie

• P (k+ 1), because the deviating player’s team now wins in any situation in which

the other team would have been ahead by a single type 2 player, or in other words,

would have been ahead by s2 − s1.

Thus we have

E[ug|c = s′] = P (W |s′) ∗ r + g − s′

E[ug|c = s′] = P (W |s2)∗r+P (T )∗r+P (k+1)∗r+g−2

(
P (W |s2) +

1

2
P (T )− P (W |s1)

)
∗r

E[ug|c = s′] = P (k + 1) ∗ r + 2P (W |s1) ∗ r − P (W |s2) ∗ r + g

E[ug|c = s′] = E[ug|c = sg] + P (k + 1) + P (W |s1)− P (W |s2)

E[ug|c = s′] = E[ug|c = sg] + P (k + 1) ∗ r + P (W |s1) ∗ r − (P (W |s1) + P (T )) ∗ r
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E[ug|c = s′] = E[ug|c = sg] + P (k + 1) ∗ r + P (W |s1) ∗ r − P (T ) ∗ r

We defined P (k + 1) as the probability that the deviating player’s teammates contain

one less type 2 player than the entire opposing team. We can express this mathemati-

cally as

P (k + 1) =
1

22n−1

n−1∑
k=0

(
n− 1

k

)(
n

k + 1

)
Similarly, we can also consider P (T ) to defined as P (k), which would be the probability

that the deviating player’s teammates contain one more type 2 player than the entire

opposing team. This is equivalent because P (T ) is viewed equivalently regardless of

an individual player’s given endowment due to symmetry. Thus we can define this as

P (T ) = P (k) =
1

22n−1

n−1∑
k=0

(
n− 1

k

)(
n

k

)

Plugging these in, we get

E[ug|c = s′] = E[ug|c = s2]+r∗
1

22n−1

n−1∑
k=0

(
n− 1

k

)(
n

k + 1

)
−r∗ 1

22n−1

n−1∑
k=0

(
n− 1

k

)(
n

k

)

Thus, for a jth additional upward deviation from 2s2 of s2, we see at most a total

change of

r ∗ 1

22n−1

n−1∑
k=0

(
n− 1

k

)(
n

k + j

)
− r ∗ 1

22n−1

n−1∑
k=0

(
n− 1

k

)(
n

k

)

in utility. This is not a useful deviation, because

n−1∑
k=0

(
n− 1

k

)(
n

k + j

)
≤

n−1∑
k=0

(
n− 1

k

)(
n

k

)

For all possible j and all possible n. Therefore this is not a useful deviation.
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Thus, there are no useful deviations, and this is a Nash Equilibrium.

Corollary 1: We can rewrite our equilibrium strategy for a player of type g as

sg =

(
P (W |sg) +

1

2
P (T )− P (W |0)

)
∗ r

which provides a more intuitive intuitive representation of the strategy being played. Now we

can explain our equilibrium as the difference between the expected reward that one would

receive from contributing their endowment type’s equilibrium amount, and the expected

reward that one would receive from contributing nothing at all.

2.4.4 Equilibrium for the Non-Competitive Game

There are many possible equilibriums in the non-competitive game, but we will use the trivial

equilibrium, in which all players simply play s = B
n

, where B is the threshold the team is

required to reach and n is the number of players, so long as this value B
n

is less than reward

r. We see that any downward deviation from this equilibrium will result in the loss of reward

r and is therefore not useful. Any upward deviation from this equilibrium will result in not

result in any additional reward, and will simply mean giving away more of one’s endowment.

2.5 Conclusions from the Theoretical Model

There are some important conclusions we can draw from the theoretical result that will be

important when comparing the equilibrium of the game to the results of human trials:

1. Both Settings Result in a Stable Equilibrium: We see that both the competitive

and non-competitive settings are able to result in a stable equilibrium, when when in

the absence of a reward the dominant strategy would be to contribute nothing. This
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Figure 2.1: Equilibrium contribution as n grows, shown as relative to reward r in the com-
petitive game and relative to threshold B in the non-competitive game.

means that we can use either of these methods to raise contribution in a public goods

game, even if the dominant strategy is to keep one’s endowment, such as the classic

public goods game in which the pot is multiplied and shared. This agrees with Jordan,

Jordan, and Rand (2016), who found that both competitive and threshold methods

were effective for inducing cooperation due to their affects on the Nash Equilibrium.

2. Contribution Decreases as Team Size Grows: As can be seen in Figure 2.1,

equilibrium levels of contribution decrease in both the competitive and non-competitive

game as n increases. This is the free-riding effect we expect to see, and this free-riding

effect persists with the same strength regardless of the size of the reward. In the

non-competitive game, the decreasing contribution for individual players is incredibly
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trivial, as we have

lim
n→∞

B

n
= 0

In the competitive game, the contribution for a player with endowment type g is

sg =

(
P (W |sg) +

1

2
P (T )− P (W |s1)

)
∗ r

Taking the limit of this as n goes to infinity of this we have

lim
n→∞

(
P (W |sg) +

1

2
P (T )− P (W |s1)

)
∗ r

= r ∗
(

lim
n→∞

P (W |g) + lim
n→∞

1

2
P (T )− lim

n→∞
P (W |s1)

)
= r ∗ (

1

2
+ 0− 1

2
) = 0

Thus we see contribution go to 0 as n grows, and the free-riding effect is present in

the competitive game as well. This makes intuitive sense if we look at our revised

equation given by corollary 1. P (W |0), or the probability one’s team wins given they

contribute nothing, grows as n grows. The equilibrium contribution is thus decreased

by this downward force. Therefore, we can conclude that intergroup competition is not

effective in combating the free-riding effect through its effects on the game’s equilibrium

alone.

3. This is the Highest Possible Equilibrium for Rational Agents: While other

equilibria may exist, if we have single contribution strategies s1 and s2, then the equi-

librium values we have presented are the highest possible rational contributions in any

equilibrium. Notice that P (W |s1) and P (W |s2) are constant in equilibrium regardless

of the values for s1 and s2, so long as s1 < s2 (and even if we had s2 > s1, then

their values would simply switch). This is because if all players play their equilibrium

strategy, these values simply translate to the probability of having more type 2 players

29



on one’s team, given that one is a type 1 player or given that one is a type 2 player, for

P (W |s1) and P (W |s2) respectively. Similarly, P (W |0) is a constant value as well. For

contradiction, assume that there are some equilibrium values s′1 and s′2, where s′1 > s1

or s′2 > s2 (or both). We have

E[ug|c = s′g] = P (W |sg) ∗ r +
1

2
P (T ) + g − s′g

E[ug|c = s′g] = E[ug|c = sg]− (s′g − sg)

E[ug|c = s′g] = E[ug|c = 0]− (s′g − sg)

And thus there would be a useful deviation to contribute 0 by anyone playing a strategy

s′g such that s′g > sg. This is a contradiction, and the equilibrium values we found must

be the highest possible for this game.

What if s1 = s2? Consider that for agent rationality to hold, we would need sg ≤ 1
2
,

as all players win the reward with probability 1
2

in equilibrium. An upward deviation

of 1
2
P (T ) ∗ r by any player would win every game with certainty, resulting in a gain

of utility of 1
2
(1− P (T )) ∗ r, and thus this would be a useful deviation. Thus, we can

conclude that no equilibrium can hold for s1 = s2.

We can therefore conclude that this is the maximum equilibrium level for this game.

Furthermore, if player contributions are above this level, we can conclude that all

players necessarily have a useful deviation to contribute nothing.
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Chapter 3

Experimental Study of Human

Cooperative Behavior

We have shown through our theoretical equilibrium analysis that intergroup competition has

the ability to create a stable equilibrium in which all players contribute a nonzero amount.

This is in line with previous studies which have suggested that intergroup competition can

induce cooperation through its effects on the Nash Equilibrium.[1, 4] However, we have found

that the free-riding effect still persists in the equilibrium of the game, and that theoretical

individual contribution trends towards 0 as team size increases.

The purpose of running experimental human trials was to empirically show that the intro-

duction of intergroup competition into a cooperative setting has a psychological component

which diminishes the free-riding effect. In this study, we have completely removed any possi-

bility of coordination loss. We have isolated the free-riding effect for study by having human

participants anonymously play the competitive game and threshold game discussed in the

previous section.

We first hypothesized that player contribution in the competitive game will generally

remain above that of the theoretical Nash equilibrium. This would agree with studies which
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have shown that individuals faced with intergroup competition will increase their contri-

bution, beyond consideration for the game’s tangible payoffs, for the symbolic reward of

winning.[4, 7] More importantly, we expected to see a flattening of the downward slope of

the curve as the size of the teams increases, as compared to Nash Equilibrium levels. This

would indicate a psychological effect which counteracts the free-riding effect observed in the

games equilibrium. We also expected that this effect will be uniquely induced by the com-

petitive setting. In the non-competitive game, we expected to see decreasing contributions

as team size increases. Ingham et al. (1974) found that the free-riding effect occurs in non-

competitive cooperation scenarios, but that the effects stop once teams reach a certain size.

Thus, we expected players in the non-competitive game to show decreasing contributions,

similar to the Nash Equilibrium, but flatten out once teams become a large enough size.

In this chapter we will describe the experiment, including both the competitive setting

(experimental treatment) and the non-competitive setting (control treatment). We will

describe the experiment’s setup and procedures, as well as present the results that the

experiment found.

3.1 Participants

For this study, we recruited 366 participants from Amazon Mechanical Turk. The majority

of participants were based in the United States. Each participant was paid a base salary for

participation and awarded a bonus based on the outcomes of the games they played. The

majority of participants (282) were given the competitive team game, while a smaller control

group played the threshold team game.
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3.2 Methods and Procedures

The study was advertised on the Mechanical Turk platform, but took place on an external

website of our own creation and design. It was initially launched on a Friday afternoon, and

was available for participation until the following Tuesday. Participants were first shown

an introductory page where they were introduced to the study and informed about logistics

such as base payment and expected bonus amount. They also entered their Mechanical

Turk Worker ID, which would link their account for payment. Their Worker ID was checked

against a database of previous entries so that only new participants could continue with the

study. Participants were then shown a consent form they had to agree to before continuing.

In the game, participants competed for points which would translate directly into dollar

value at the end of the game. Large-endowment type players were given 100 points, while

small-endowment type players were given 50 points. The reward for the winning team (or

for passing the threshold in the control treatment) was 100 points per team member. In

both treatments, each participant would play 5 games.

3.2.1 Competitive Treatment

In the experimental treatment, participants played the competitive game described in Chap-

ter 2. The setup and rules of the game were explained to participants through a tutorial page

(Figure A.2). Participants were informed that they would be playing 5 games with different

teammates and opponents who were other randomly selected Mechanical Turk participants,

and that each participant would receive an endowment of either 50 points or 100 points

with equal probability. They were told that they could contribute or keep as much of their

endowment as they wished, that contributed points were lost, and that if their team won,

they would each receive a reward of 100 points. Part of the explanation was a brief walk

through of an example game, including explanations of what the outcome of the game would
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be, and what the payout of the game would be for the player in terms of points.

Participants were also introduced to the continuous tie-breaking function on this page,

and provided with a slider tool to aid their understanding. The tool gives the probability of

the higher-contribution team winning given the difference in contribution between the two

teams and the size of the teams. In other words, it is a calculator for π(d). Participants

were prompted to play around with this tool, and informed that they would have access to

this tool during the game itself.

Lastly, participants were informed as to how their points would be converted to dollar

value. Participants were paid a bonus of $0.10 for every 100 points they won in the 5 games.

Thus, if a player were to come away with a payout of 643 points, they would receive a bonus

of $0.64. Additionally, all participants were paid a base salary of $0.35 for participation.

Before continuing to the game itself, participants were required to complete a short quiz

to confirm that they understood the game, it’s payout, and how to use the tie-breaking

function slider tool. Participants who failed this quiz were allowed to review the tutorial and

retake the quiz.

Each participant played 5 games, each with a different number of players. Each game

was with a different team, with teams chosen at random from the pool of participants.

Players were not given any identifying information about their teammates or opponents so

that no communication or collusion would be possible. Team sizes ranged from 2 players per

team to 10 players per team. The number of players in each of the five games was chosen

from a multinomial distribution, where the probability of playing in a game with n players

is proportional to n. This guaranteed that we would have enough players in the pool for

multiple games with larger teams.

In each of the 5 games, participants were told the number of players in the game and

their endowment for that game. They were also reminded that all players would receive

one of the two endowment types with equal probability, and that the reward for winning is
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100 points. They were then prompted to enter their chosen contribution for that scenario.

All participants were provided with the tie-breaking function tool at the top of the page for

every game. (Figure A.1)

Lastly, participants were asked to answer a short exit survey in which they commented

on their strategy in the game and what they expected from other players, as well as the

clarity of the tutorial.

3.2.2 Control Treatment

In the control treatment, participants played the threshold game described in Chapter 2.

The procedure for the control treatment was essentially identical to the procedure for the

competitive treatment, other than the game itself being different. Participants were shown

a tutorial page identical in structure to the competitive treatment (Figure A.4), where they

were informed they would be playing five games, each with a different team, and that their

teammates would be other Mechanical Turk participants. They were told that they could

contribute or keep as much of their endowment as they wished, that contributed points were

lost, and that if their total team contribution passed the threshold of 100 points, they would

each receive a reward of 100 points. They were given an example game situation, and were

walked through the outcome and payout of the game. The conversion of points to dollar value

in this game was lower: $0.05 for every 100 points earned. This was because we expected

participants to win the reward significantly more often on average than in the competitive

version of the game. Participants were also paid a base salary of $0.25 for participation

As in the competitive treatment, participants were required to take a short quiz to confirm

their understanding of the game instructions before continuing. Those who failed this quiz

were allowed to revisit the tutorial page and try again if they wished to do so.

The prompts for each of the five games were phrased identically to the competitive

treatment. Participants were given their endowment and the number of players on their
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team, as well as reminded that each of their teammates would receive an endowment of

50 points or 100 points with equal probability. (Figure A.3) They were reminded that the

threshold is 100 points, and that the reward for passing it is 100 points per player. They

were then asked to enter their contribution amount. As with the competitive treatment,

participants answered a short exit survey after answering the five prompts.

3.3 Results

The results of the study generally agree with the hypotheses we began with at the start

of the study. In the competitive treatment, we observed significantly higher contribution

levels on average than the maximum Nash Equilibrium we found in the previous chapter.

More importantly, we observed a significant flattening across the contribution curve (as

compared to the equilibrium curve) as the size of the teams increased in both small and large-

endowment players in the competitive version of the game. This alines with our hypothesis

that intergroup competition counteracts the free-riding effect that exists in the game’s Nash

Equilibrium.

In the control treatment, we observed a downward sloping curve similar to equilibrium

levels for smaller team sizes, and then a flattening of the curve for larger team sizes.This

alines with previous research which has suggested that the free-riding effect weakens once

teams reach a certain size.[3]

Although contributions in the competitive treatment were higher on average than those

in the control treatment, we would like to emphasize that the purpose this study is not to

show how the magnitude of contributions varies across treatments. We aim to highlight,

in each treatment, how the shape of the average contribution curve and the magnitude of

contributions both compare to the equilibrium curve for that specific treatment.
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Figure 3.1: Average contributions of small-endowment players as compared to equilibrium
values in the competitive game.

3.3.1 Competitive Treatment Results

In the competitive treatment, we saw results which generally agree with our hypotheses.

First, contribution levels were higher on average than theoretical equilibrium levels across

all team sizes. Figure 3.1 and Figure 3.2 display the curve of average player contributions

as compared to maximum equilibrium levels for small and large-endowment players, respec-

tively. On average, mean individual contribution for each team size was 22.9 points higher

than the respective equilibrium level in small-endowment players and 20.3 points higher than

the respective equilibrium level in large-endowment players. Average player contributions as

compared to equilibrium levels can be found for every team size in Table 1 and Table 2 in

Appendix B.

We did see a general flattening of the curve as team size increases, as compared to
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Figure 3.2: Average contributions of large-endowment players as compared to equilibrium
values in the competitive game.

the declining contributions we observe in the theoretical equilibrium (Figures 3.1 and 3.2).

However, the results showed an even stronger effect than we had expected. In agents with

large endowments we saw only slight decreases in average contribution levels as team sized

increased (from 58.57 points in 2 player teams to 55.87 points in 10 player teams). In

agents with small endowments we see no downward trend at all, centering around an average

contribution of about 35.09 points. This implies that intergroup competition greatly reduces

the free-riding effect that we observe in the game’s Nash Equilibrium.

In comparing behavior between the two endowment types, we observed that although

player contribution is higher on average for large endowment players. However, player con-

tribution is significantly higher as a percentage of endowment for small endowment players

(70.18% on average) as compared to large endowment players (56.96% on average). This is

the opposite of what one would expect based on the theoretical result, in which we found that
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large endowment players contribute 3 times as much as small endowment players in equi-

librium. It seems that this disparity was largely driven by “all-or-nothing” players in the

experiment. These are players who donated either their entire endowment, or none of their

endowment at all. In general, small-endowment players were far more likely to donate their

entire endowment (43.43% of small-endowment contributions) than large-endowment play-

ers (20.64% of large-endowment contributions). Small-endowment players were also slightly

less likely to not contribute anything at all than large-endowment players (6.23% in small-

endowment players as compared to 9.43% in large-endowment players). We did not observe

any significant trends in all-or-nothing strategies with regards to team size. These results

can be found in Tables 4 and 5 in Appendix B.

When only looking at players who did not contribute an “all-or-nothing” value, we still do

not observe the same contribution ratio as the theoretical result would suggest. However, we

do see contribution percentages which are closer to equal (52.57% of endowment on average

for small-endowment players and 51.78% of endowment on average for large-endowment

players).

We did not find any trends in standard deviation with regards to team size. Standard

deviation for large-endowment players was close to exactly twice that of small-endowment

players (33.14 points versus 16.63 points), as we would expect with an endowment which

is twice the size. Standard deviation remained close to their respective averages in both

endowment types for all team sizes. Full standard deviation data is summarized in Table 3

in Appendix B.

3.3.2 Control Treatment Results

In the control group, we observed a downward trend in average contribution for smaller team

sizes, with a flattening of the curve for larger team sizes. As shown in Figure 3.3, average

contribution follows the downward movement of the equilibrium curve for teams of sizes
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Figure 3.3: Average contributions as compared to equilibrium values in the threshold game.

2 to 5, displaying the free-riding effect we expect to see in cooperation scenarios without

intergroup competition. The contribution curve flattens out for teams of size 6 and even

increases slightly, but hits its lowest point at teams of size 10. This is somewhat consistent

with past experiments which have studied the free-riding effect, which have shown that the

decreasing of individual effort generally levels off once teams reach a certain size.[3]

Like the competitive treatment, the control group also had higher contributions on av-

erage than equilibrium levels. However, mean individual contribution was only higher than

equilibrium levels by 7.8 points on average, whereas in the competitive treatment it was over

20 points on average for both endowment types. Additionally, the bulk of the difference

comes from teams of size 6 and larger when the free-riding effect ceases. When only looking

at teams of 2 to 5 players, mean individual contribution was only 2.1 points higher than the

equilibrium level on average. For teams of size 2, average contribution was actually lower
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than the equilibrium level by over 10 points. Average contribution levels as compared to

equilibrium levels are summarized in Table 7 in Appendix B.

As with the competitive treatment, average contribution was higher for large-endowment

players than for small endowment players. However, this difference was smaller than in the

competitive treatment. Large-endowment players contributed 7.83 points higher than small-

endowment players on average in the control treatment, as compared to the average difference

of 21.87 points in the competitive treatment. For teams of size 5, small-endowment players

actually contributed less than large-endowment players on average. This can likely be at-

tributed to equilibrium effects of the non-competitive game, in which we have an equilibrium

where all players contribute the same amount, regardless of endowment. A comparison of

average contribution levels between endowment types is summarized in Table 6 in Appendix

B.

We were far less likely to see “all-or-nothing” players in the control treatment, and

because of this they did not have a significant effect on the results for the non-competitive

game. Only 6.8% of players contributed their entire endowment across all trials. This was

largely driven by small-endowment players, who contributed their entire endowment 12.4%

of the time. Large-endowment players contributed their entire endowment less than 1% of

the time. For players who contributed nothing, there was not a significant difference between

small and large-endowment players, who chose to contribute nothing 2.2% and 2.3% of the

time, respectively. These results are summarized in Tables 9 and 10 in Appendix B.

There was no major trend in standard deviation with regards to team size. Similarly to

the competitive treatment, standard deviation was higher on average for large-endowment

players than small-endowment players, but relatively closer together (19.41 points and 12.55

points for large and small-endowment players, respectively). For most teams sizes, standard

deviation was incredibly close to average. However, standard deviation was significantly

higher for teams of size 2 and significantly lower for teams of sizes 5 and 6. These results
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are summarized in Table 8 in Appendix B .
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Chapter 4

Discussion

In Chapter 2, we presented a competitive team game, analyzed its equilibrium, and described

a non-competitive threshold game to use for comparison. In Chapter 3, we described an ex-

periment in which one group of participants played this competitive game, and a control

group played the non-competitive game. We presented the results of this experiment, and

how they differ from the game’s maximum Nash Equilibrium. In this chapter, we first dis-

cuss the implications of these results for human behavior in cooperative situations. Then, we

propose a theoretical framework which could potentially be used to explain observed behav-

ior by attempting to take the psychological effects of intergroup competition into account.

Lastly, we will discuss some of the limitations and areas of future research.

4.1 Implications of Results for Human Behavior

As presented in the results section, we observed increased individual agent contribution

above the maximum equilibrium levels for both small and large-endowment players in the

competitive treatment. Previous studies primarily attributed increased team contribution in

competitive settings to the effects of the reward for winning on the Nash Equilibrium, yet
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we see that this is not necessarily the case here.[1, 4]

One potential explanation for higher contribution levels is the utility inherently gained

from winning competitions, on top of the tangible reward being offered. This has been

suggested in previous studies, which have shown that individuals will often place the symbolic

reward of winning above their personal payoff maximization with regards to the game’s

tangible payouts.[4, 7] This implies that when agents play the game, they essentially do so

for a reward which is higher than that of the game’s stated payout. We will refer to this

augmentation of the game’s reward for winning as the inherent reward effect. This effect

would, for example, explain the behavior of large-endowment players who donated their full

100 points. These players are clearly making themselves worse off in terms of personal payoff

maximization, but may highly value the concept of winning itself. Many of these players

also alluded to this in their responses on the exit survey.

This inherent reward effect also seems to differ between agents with different endowment

types. Small-endowment players both contributed larger percentages of their endowment,

and maintained contribution levels that were further above their equilibrium levels across

the curve. Large-endowment players’ average contribution levels actually start close to the

equilibrium for small team sizes. This would seem to imply that the inherent reward effect

is stronger for players with smaller endowments. Previous research has implied that workers

value bonuses relative to their expectation of what the bonus will be, rather than by the

bonus’s absolute value.[12] Because small-endowment players have a lower expectation for

both winning and overall game payout, they could be more excited by winning, and thus be

led to place a higher inherent value on doing so.

It would be relatively easy to account for this inherent reward effect as a psychological

factor in our model. If the game has stated reward r, then we could augment this value in the

model to be r′ = f(r), for some learned augmentation function f (this would be an interesting

vein for future work). However, the discrepancy between the experimental result and the
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game’s equilibrium curve cannot be explained by this effect alone. Average contribution

remains fairly consistent across all team sizes in the competitive treatment, whereas the

free-riding effect is present in the game’s equilibrium. Yet, if the only psychological factor

at work was an inherent augmentation of reward r, we would see equilibrium levels raised

across all team sizes, but the downward-sloping nature of the curve would remain the same.

Figure 4.1 displays what the shift in the equilibrium curve would look like if we were to only

augment reward r.

Because the shape of the equilibrium curve is unaffected by the reward, the proposed

inherent reward effect is not necessarily able to explain the ability of intergroup competition

to counteract the free-riding effect. One possible explanation could be that the effect on the

reward grows as team size n grows. However, this would contradict the concept of relative

expected reward we used to explain the disparity of the inherent reward effect between large

and small-endowment players. If the inherent reward effect is variable in n and is inversely

correlated with the expectation of winning, we would expect its strength to decrease for small-

endowment players as n increases, because the probability of winning for a small-endowment

player is increasing. Thus, there is likely a separate effect present.

In contrast to the competitive treatment, average individual contribution in the control

treatment trended similarly to the equilibrium curve for teams of size 2 to teams of size

5. Additionally, average contribution was much closer to equilibrium levels. This implies

that for team sizes in this range, there is no psychological component to counteract the free-

riding effect. It would also appear that the inherent reward effect which we observe in the

competitive game does not exist on average in the control treatment for team sizes in this

range, or is far weaker. Average contribution for teams with less than 6 members sits barely

above the equilibrium curve, with an average difference of only 2.1 points. For n = 2, player

contribution was actually below equilibrium levels. From this we could possibly conclude

that it is specifically the notion of “winning” against another team that drives this inherent
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Figure 4.1: Competitive equilibrium for small and large endowment players with inherent
reward effect.
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reward effect. It is also possible that players in the threshold game are simply not excited

by the prospect of winning, as they are far more likely to receive the bonus.

A possible explanation for the differences we observed between the two treatments is that

the equilibrium of the threshold game is incredibly trivial, while calculating the equilibrium

of the competitive game is far more involved. However, while we would not expect study

participants to attempt to calculate an equilibrium for the competitive game for various

team sizes, the fact that equilibrium levels of contribution would be decreasing due to free-

riding is a relatively intuitive one. As team size grows, one’s ability to affect the outcome

of the game with their contribution greatly diminishes, while their ability to contribute

significantly less and still be on a winning team increases. In other words, as team size

increases, a group member can get away with being less cooperative. Thus, even though one

might not expect players to follow the calculated equilibrium exactly, one would still expect

purely self-interested agents to show significant trends of decreasing contribution on average

as team size increases. This is simply not the case, which serves as evidence of an additional

psychological effect which specifically counteracts the free-riding effect in the competitive

setting.

We also find another interesting difference between the competitive treatment and the

control treatment in the way participants discussed their fellow players on the exit survey.

In the competitive treatment, when participants referenced their teammates it was generally

in a positive tone. Many players expected their teammates to contribute large amounts of

their endowment and to want to beat their opponents. They therefore felt compelled to

contribute higher amounts as well. In the control treatment, this was not the case. Multiple

participants mentioned that they expected their teammates to not contribute their fair share,

and one even called into question the ability of the other players to divide correctly. While

the majority of responses were neutral, no player said that they expected their teammates

to contribute more than their fair portion of the threshold. Thus, it seems that having an
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opposing force may lead players to view their teammates in a more positive light, and hold

higher expectations for each other.

Interestingly, because teams were chosen at random in the competitive game, believing

that one’s teammates would contribute high amounts is equivalent to believing one’s oppo-

nents would contribute high amounts as well. Thus, many players expected contributions

to be high and participated in this even though they would likely be better off contributing

less. Not surprisingly, there were players who realized this and contributed little to nothing

at all. In the end, these players received the highest bonuses in the study.

It would be wrong to say that there is no psychological effect present in results of the

control treatment. Average contribution stops decreasing at team sizes of 6 and higher, and

even increases slightly. This generally agrees with the findings of Ingham et al. (1974), who

found that humans pull a rope with less individual force when they believe they are doing

so in a larger group, but that they reach their minimum force once teams reach a size of

4 to 5. This implies that in cooperative scenarios, there may be a lower bound on agent

contribution, or an “acceptable minimum.” It is likely that the exact level of this acceptable

minimum differs by player and by scenario. Clearly some players were fine with contributing

nothing. It is also not clear whether this is an absolute lower bound, or just a guilt-driven

penalty on utility that could be overcome with larger rewards or larger team sizes. This

could be another interesting vein for future work.

4.2 Proposed Theory for Revised Utility Model

The results imply that there are other psychological effects in settings with intergroup com-

petition that affect player utility beyond the game’s tangible payoffs. We now attempt to

quantify these effects through revised payoffs which take these psychological components

into account. While the model we present is by no means definite, we hope it may serve
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as one possible framework for approaching the modeling of behavior in similar situations in

the future. In this section we will present our proposed model for the game’s implicit utility

payoffs, discuss the new equilibrium implications of this model, and show how this compares

to our empirical results.

4.2.1 Component 1: The Inherent Reward Effect

The first effect we integrate into the model is the inherent reward effect, which we introduced

in the previous section. With this effect, we assume that agents inherently gain utility from

the act of winning itself, on top of the tangible reward being offered. To model this, we

choose a reward augmentation function f(r), which takes as its input the tangible reward

of the game, r. What exactly f(r) would be is beyond the scope of this thesis, but it

would certainly meet the criteria that f(r) ≥ r ∀r. We would also expect that this function

would be vastly different across varying situations. For example, the prospect of winning an

olympic event would certainly drive player effort in a way that is far different from winning

a bonus in a Mechanical Turk study.

In learning this function, we would likely find that f would need to be different for players

of different endowments, due to the psychological effects of the value of r relative to one’s

endowment. However, for the purposes of this discussion we will assume that we have a single

function f(r) which can account for this inherent reward effect for all players on average.

4.2.2 Component 2: The Defector’s Guilt Effect

The inherent reward effect captures psychological effects as they relate to selfish motivations:

players are willing to contribute more to their team to further increase their chances of

winning, which is in itself valuable. However, one would still expect just as strong of a free-

riding effect, as the relative benefits of decreasing contribution as team size increases would
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remain unchanged. To flatten out the contribution curve, there is likely some psychological

force which prevents agents from capitalizing on the benefit of defecting on their teammates,

thus counteracting the free-riding effect. We can formulate this force as a negative effect on

utility felt by those who are less cooperative, also referred to as guilt, or we can formulate

this force as a positive effect on utility felt by those who remain cooperative, also referred to

as pride or camaraderie. In reality, it is likely a combination of these two forces, but from a

game theoretic perspective we can consider it to be a single force. Thus for the purposes of

this model, we will formulate this effect as guilt.

In referring back to Figure 3.1 and Figure 3.2, we can notice two properties of this

force. First, it must be increasing as n increases, as the disparity between average realized

contribution and the maximum equilibrium level grows larger as n increases (at least in this

range of team sizes). From a psychological perspective, we can imagine that the guilt felt

by a defector would grow as n grows, as reducing contribution in larger teams means letting

down a larger number of people. Second, the rate at which this force increases is inversely

related to n. In other words, if we have guilt function g(n), then ∂
∂n
g(n1) >

∂
∂n
g(n2) for

n1 < n2, at least in this range of team sizes. Intuitively, we can imagine that the difference

in guilt felt from defecting on 4 people versus 3 people is likely larger than the difference felt

from defecting on 21 people versus 20.

We need to define exactly what “defecting” means in this situation, as the choice of actions

offered to agents are continuous. In the control group, we observed that average contribution

seemed to hit a minimum level once a certain team size was reached (Figure 3.3). If this

contribution minimum is psychologically imposed in the purely cooperative setting, it would

make sense that we would observe a similar lower bound across all cooperative situations.

Thus we propose that in the competitive setting, for contributions under a certain defection

threshold, players incur a penalty of g(n) on utility. What this exact threshold is likely

differs by player and by situation, and possibly changes as n increases. However, it seems
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that the threshold was high enough in this experiment that the average player did not drop

their level of contribution to low levels as n increased, even though doing so would maximize

personal payout.

As for the shape of the function itself, one option for g(n) is one which is logarithmic in n.

In other words, defecting in a team of n would result in a penalty on utility of g(n) = a logb n,

for some learned a and b. Another option would be to model this quadratically, with a

function of the form g(n) = a(n− b)2− c for some learned a, b, and c. This is possibly more

generalizable to larger team sizes than were present in this study. We can imagine that for

a high enough team size, contribution will eventually start to fall towards 0. But like the

inherent reward effect, this function would likely differ across scenarios, and the specifics of

the function are beyond the scope of this thesis.

4.2.3 Revised Contribution Equilibrium

With our revised utility payout model for this competitive team game, we can discuss what

theoretical equilibrium would look like. We should first note that because in reality these

psychological effects will differ from player to player, there is likely not a true Nash Equi-

librium which we can derive. Some players will care more about winning, while some will

just want to keep their endowment to avoid risk. Some players may feel stronger guilt from

letting their teammates down than others. However, for this discussion we will assume there

exists some f(r) and some g(n) which hold for the average player.

To find the new equilibrium in this revised model, we turn to the interpretation of the

original equilibrium we found in corollary 1. As a reminder, this was

sg = (P (W |sg) +
1

2
P (T )− P (W |0)) ∗ r

or intuitively, the difference between the expected reward one would receive by playing
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their endowment types strategy and the expected reward one would receive by contributing

nothing at all. To modify this, we simply need to replace r with f(r), and add the impact of

guilt one would feel by contributing nothing, g(n). Thus, we get the following equilibrium

contribution for endowment type g:

sg =

(
P (W |sg) +

1

2
P (T )

)
∗ f(r)− (P (W |0) ∗ f(r)− g(n))

=

(
P (W |sg) +

1

2
P (T )− P (W |s1)

)
∗ f(r) + g(n)

The first thing we should realize is that for any equilibrium to hold, we will need to modify

our continuous tie-breaking function slightly, because r has been replaced by f(r). We will

now have

π(d) =


1
2

+ d
P (T )∗f(r) d < 1

2
∗ P (T ) ∗ f(r)

1 o.w.

With this new tie-breaking function, this equilibrium will hold so long as the threshold

for the guilt penalty g(n) is high enough that players will not make a large downward

deviation directly to the threshold. Of course, this is a major assumption, but it appears

to hold on average for the range of team sizes we studied in this experiment. An example

of one such threshold would be P (W |s1) ∗ f(r) − 1
2
∗ P (T ) ∗ f(r), which would prevent

a useful downward deviation. This follows from the fact that due to the revised version

of the continuous tie-breaking function π(d), there is no useful deviation in the range of[
P (W |sg) ∗ f(r)− 1

2
∗ P (T ) ∗ f(r), P (W |sg) ∗ f(r)

)
. Any downward deviation below this

would incur a penalty of g(n), and thus would not result in any higher utility than had the

player contributed nothing at all.

We also notice that not contributing is not a useful deviation itself, as equilibrium values

relative to expected reward have only shifted upward from the original equilibrium by g(n),
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Figure 4.2: Revised equilibrium with an example logarithmic guilt function. Here we have
f(r) = 1.1r and g(n) = 50 log75 n

which is lost when one contributes nothing. Thus, the fact that a downward deviation to

c = 0 is not useful follows from the proof of the original equilibrium.

Otherwise, the proof of this revised equilibrium directly follows from the proof of the

original equilibrium. The reason for this is because for a given r and n, we find that f(r) and

g(n) are constants. Thus, the revised equilibrium for given r and n is a linear transformation

of the original Nash Equilibrium. In all cases in which we do not interact with the threshold

for g(n) and we simply consider relative deviations from s1 or s2, the proof is analogous to

the original.

As already mentioned, this equilibrium is built on many assumptions, such as f(r) and

g(n) being universal across players. However, we hope that this revised model provides a

useful framework for modeling cooperative behavior on average in competitive scenarios in

the future. We can visualize what this would look like by plotting it with our experimental
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Figure 4.3: Revised equilibrium with an example quadratic guilt function. Here we have
f(r) = 1.1r and g(n) = 0.35(n− 11)2 − 18

data. Figure 4.2 shows an example in which g(n) is logarithmic in n, and Figure 4.3 shows

an example in which it is quadratic in n, both compared to realized average contribution.

The strong effects of this proposed defector’s guilt effect on realized contribution has

interesting implications for designing mechanisms for cooperation. Much of the focus in

creating productive environments using competition has been the external reward of winning.

However, we may see results which are far more effective in intergroup competitions when

we focus on the internal environment of pride and camaraderie in one’s team.

4.3 Limitations and Areas for Future Research

We have presented one possible theoretical framework for modeling human behavior, based

on the contrast between the theoretical and the empirical results. However, far more work is
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necessary to understand how intergroup competition affects cooperation, and how this differs

from non-competitive environments. Future research could explore variables such as reward

magnitude and endowment size (including no reward at all), both of which we held constant

in this study. We also only explored competition between two teams. Many crowdsourcing

projects leverage competition between a multitude of teams, and thus it would be interesting

to study the effects of having three or more teams competing for a reward.

It is also unclear if the continuous tie-breaking function had any realized impact on the

empirical results. We did not provide participants with a hard mathematical formula for

the function, as we believed this would be overall more damaging than beneficial to their

understanding of the game. It would be interesting to see how the result would differ, if at

all, were it not included. Because Theorem 1 found that a continuous tie-breaking function

was necessary to lead to a Nash Equilibrium with discrete equilibrium strategies, we felt it

was necessary to include the tie-breaking function in study. However, future research may

find a Nash Equilibrium with player strategies that are continuous distributions over possible

contribution.

Lastly, if future work is able to verify that this proposed framework is valid, an incredibly

interesting vein for future research would be to find specific forms for f(r) and g(n). This

would likely be accomplished by learning over past competition data for which we have

established Nash Equilibriums. This would greatly further our understanding of the variables

which affect the contributions of group members in cooperative scenarios.

55



Chapter 5

Conclusion

In this thesis, we built upon previous work that studied the effects of intergroup competition

on within-group cooperation and individual contribution. More specifically, we studied the

effect that intergroup competition has on Ringelmann’s free-riding effect. We designed and

analyzed a competitive team game similar to those discussed in previous studies to show

that even though intergroup competition can result in a stable, non-zero equilibrium for

individual contribution, the free-riding effect still persists, and this equilibrium drops as

team size increases. However, we also used a lab experiment to show that when humans

are asked to play the same competitive team game with monetary incentives, average player

contribution remains above the maximum equilibrium level, and the free-riding effect is not

present as team size increases. Our results suggest the presence of psychological mechanisms

which drive us to be cooperative when faced with intergroup competition, even when contrary

to tangible self-interest.

We also showed that the free-riding effect exists in the equilibria of games which employ

non-competitive thresholds to induce cooperation. Unlike the competitive setting, we showed

that when these games are played by humans, the free-riding effect still persists (although

only up to teams of size 5, which is similar to previous results). This suggests that the
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psychological mechanisms for counteracting the free-riding effect in smaller teams are likely

specifically linked to competition.

In analyzing these results, we suggested a possible framework for including these psycho-

logical effects in the utility model of players in the competitive game. Future work could

study how these psychological effects differ across different environments, and for players

with different endowments relative to the reward. Future research could also work to fur-

ther specify the variables which dictate differences in player behavior in cooperative and

competitive environments.

We believe that these results not only have implications for study across various domains,

but are also promising for increasing collaborative contribution for real-world innovations and

crowd sourcing through the use of competition. They show that it is possible to increase

team size without diminishing returns in productivity. It could also be seen as good news for

mechanisms such as crowd funding and charitable donation, as instead of providing groups

with a threshold to reach, one could use competition between groups to amass large donations

from individuals, even when group size is large. Additionally, these results have implications

for how we should design these competitive environments. Instead of focusing on tangible

rewards for winning, as has been done in the past, it may be far more effective to foster a

feeling of pride and camaraderie amongst members of a team, as this could be what truly

counteracts the free-riding effect.
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Appendix A

Experiment Website Pages

Figure A.1: Competitive Treatment Example Question
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Figure A.2: Competitive Treatment Tutorial Page

59



Figure A.3: Control Treatment Example Question
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Figure A.4: Control Treatment Tutorial Page
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Appendix B

Player Contribution Statistics

B.1 Competitive Treatment

Team Size Small Endowment Avg. Small Endowment Equilibrium Difference

2 34.08 18.75 15.33

3 34.78 15.63 19.15

4 36.69 13.67 23.02

5 35.75 12.3 23.45

6 34.1 11.28 22.82

7 35.33 10.47 24.86

8 34.93 9.82 25.11

9 32.87 9.27 23.6

10 37.27 8.81 28.46

Table 1: Small Endowment Contribution Averages in the Competitive Game
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Team Size Large Endowment Avg. Large Endowment Equilibrium Difference

2 58.57 56.25 2.32

3 58.02 46.88 11.14

4 57.83 41.02 16.81

5 59.47 36.91 22.56

6 54.27 33.84 20.43

7 57.03 31.42 25.61

8 55.61 29.46 26.15

9 56.05 27.82 28.23

10 55.84 26.43 29.41

Table 2: Large Endowment Contribution Averages in the Competitive Game

Team Size Small Endowment SD Large Endowment SD

2 17.43 33.78

3 18.46 31.44

4 16.1 34.48

5 15.04 32.84

6 15.18 33.35

7 17.27 33.04

8 16.22 31.1

9 18.85 34.86

10 15.11 33.41

Table 3: Standard Deviation for contributions in the competitive game
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Team Size Small Endowment Full Contributors Large Endowment Full Contributors

2 42.1% 23.4%

3 48.0% 19.0%

4 50.0% 28.1%

5 41.5% 23.3%

6 35.0% 14.6%

7 50.0% 19.3%

8 42.0% 15.7%

9 41.0% 24.8%

10 47.1% 21.5%

Table 4: Percent of players contributing their entire endowment

Team Size Small Endowment Full Defectors Large Endowment Full Defectors

2 7.9% 12.8%

3 10.0% 6.9%

4 7.1% 10.9%

5 4.6% 5.8%

6 3.8% 12.5%

7 6.9% 10.1%

8 2.5% 7.9%

9 12.8% 9.9%

10 2.9% 9.2%

Table 5: Percent of players keeping their entire endowment
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B.2 Control Treatment

Team Size Small Endowment Contribution Large Endowment Contribution

2 35.83 43.33

3 36.25 48.58

4 29.64 32.58

5 25.55 21.85

6 23.86 28.36

7 19.5 30.38

8 17.56 34.12

9 19.83 33.44

10 18.62 25.55

Table 6: Small and Large Endowment average contributions in the control treatment
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Team Size Average Contribution Equilibrium Value Difference

2 39.58 50.0 -10.42

3 42.42 33.33 9.09

4 31.11 25.0 6.11

5 23.7 20.0 3.7

6 26.11 16.67 9.44

7 24.94 14.29 10.65

8 25.84 12.5 13.34

9 26.64 11.11 15.53

10 22.08 10.0 12.08

Table 7: Average contributions compared to equilibrium level in control treatment

Team Size Small Endowment SD Large Endowment SD

2 14.26 33.12

3 14.74 18.34

4 13.56 19.92

5 13.27 13.94

6 9.85 13.19

7 10.89 21.68

8 9.97 16.56

9 13.93 17.65

10 12.89 18.33

Table 8: Standard deviation for small and large-endowment players in control treatment
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Team Size Small Endowment Full Contributors Large Endowment Full Contributors

2 50.0% 0.0%

3 25.0% 0.0%

4 21.4% 0.0%

5 18.2% 0.0%

6 4.5% 0.0%

7 0.0% 4.8%

8 5.6% 0.0%

9 12.5% 0.0%

10 9.5% 0.0%

Table 9: Percent of players contributing their entire endowment in control treatment

Team Size Small Endowment Full Defectors Large Endowment Full Defectors

2 0.0% 16.7%

3 12.5% 0.0%

4 0.0% 8.3%

5 0.0% 0.0%

6 0.0% 0.0%

7 7.1% 0.0%

8 0.0% 0.0%

9 4.2% 5.6%

10 4.8% 0.0%

Table 10: Percent of players keeping their entire endowment in the control treatment
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